This paper redenes technical eciency by incorporating provision of environmental goods as one of the outputs of the farm within a multiouptut distance function framework. A ratio of permanent and rough grassland area divided by total agricultural area is used as a proxy for the provision of environmental goods. The multi-output distance function approach is used to estimate technical eciency under a restricted supply policy.
Introduction
The provision of environmental goods (e.g. habitat for insects, bird species) and bads (e.g. pollution derived from the use of fertilisers) by the farm are positive and negative externalities respectively in the sense that they create additional benets and costs to society derived from farmer actions, who does not receive compensation for the benets provided nor pay for the harm done.
The non-existance of a market for the good and/or bad provided leads to the market to not achieving eciency and therefore to a market failure. This gives governments an argument to intervene in order to internalise the externality.
Both positive and negative externalities have characterised the Common
Agricultural Policy (CAP). Thus, the CAP in the last decades was based on price support as well as technological progress, which has favoured intesication, specialisation and concentration of production. This has led to habitat loss and a decline in biodiversity, i.e. it has produced negative externalities (Potter and Goodwin, 1998) . The introduction of set-aside in 1988 aimed to reduce overproduction of crops such as cereals, oilseed rape, linseed, peas and beans; and to deliver environmental benets. This measure was voluntary when it was introduced and became compulsary since 1992 with the MacSharry reform. But it was specially since the introduction of the Agenda 2000 when agricultural policies in the EU have changed from support of farm commodity prices to area based payments and payments for the supply of environmental goods, i.e. positive externalities (Cambell et al., 2007) . In recognition of the high ecological and environmental impact of intensication of agriculture agrienvironmental schemes (AES) have been developed under Regulation (EEC) 2078/92 which allows MS to provide support to farmers for making environmnental improvements to their land by changing farming practices (Hynes et al., 2008) . These payments for environmental goods through agri-environmental schemes aim to help providing environmental outputs at local level and eectively paying the farmers for what is considered a social benet. This is in line with the idea of having a sustainable agriculture sector. According to this idea the UK Government set up an independent Policy Commission on the future of farming and food. The Commision's report provided a vision of a sustainable, competitive and diverse farming and food sector, playing a dynamic role in the rural economy and delivering eectively and eciently the environmental goals we as a society set for ourselves (Defra, 2002) . The UK Government released in 2002 its vision on sustainability of the farming and food sectors which was in harmony with the independent Policy Commission report outcomes.
It seems clear that agricultural practices (i.e. land use) have an impact on the quality and availability of natural habitats which can have an eect on wildlife and biodiversity (OECD, 1999; Mattison and Norris, 2005) . For in-stance, many bird species are dependent on the presence of permanent pasture land (OECD, 1999) and the change of this land use may well alter the ecological system. Despite the number of publications accounting for multiple outputs in the productivity and eciency literature is large, only some of these publications involve externalities (Dorfman and Koop, 2005) and most of them account only for negative externalities such as pollutants. Several authors have selected a multiple output framework that allow for at least one output to be undesirable (e.g. air pollutants) (Färe et al., 1989 , Färe at al., 1996 , Färe et al., 2001 , Lansink and Reinhard., 2004 , Murty et al., 2006 . Yet no many studies have included the provision of environmental goods (e.g. biodiversity) in production related analysis. An exception is a recent publication by Omer et al. (2007) who conducted an study in the productivity performance and biodiversity conservation in intensive agricultural systems using a stochastic production frontier approach. They included a biodiversity index (BI) based on measures of plant species richness as to examine the relationship between the state of biodiversity and output in a specialised intensive farming system. A positive relationship was found between state of biodiversity and productivity. This result supports the implementation of biodiversity conservation policies.
As Färe et al. (2001) pointed out it has been a common practice to ignore the output (i.e., reduced emmisions) of the pollution abatement activities assuming that inputs in such activities are inproductive. This has led to conclude that environmental regulations have an adverse eect on productivity (Färe et al., 2001 ). In the same way it can be argued that provision of environmental outputs have been ignored, hence inputs associated with such provision of environmental goods has been ignored. This omission in the production and eciency analysis may lead to biased results which could mislead policy makers in their policy decisions. We include an environmental output in the production function within a multi-output distance function approach in order to account for the provision of environmental goods by the farm when conducting technical eciency analysis.
Inferences about rm specic ineciencies has been vastly studied in the literature. It is also common to nd in the literature a ranking of rms according to their mean eciencies (Coelli and Perelman, 1999; Coelli and Perelman 2000) or plots for mean, median and maximum eciency levels (Koop, 2003) .
We investigate the consequences in eciency rankings when provision of environmental outputs are taken into account when measuring eciency. Such a measure would be in concordance with policy objectives related to a sustainable agriculture. Policy objectives regarding sustainable agriculture include keeping non-marketable benets produced by agriculture such as diversity of ora and fauna and landscape views. If eciency rankings change with the proposed measure for measuring eciency there are policy and/or management implications.
In addition, we examine how a measure that accounts for the provision of environmental outputs may aect the results associated with explaining technical eciency. The following section focuses on externalities, the diculty associated with measuring environmental goods such as biodiversity and what this means for measuring technical eciency and policy making. Section 2 explains the methodology used. Section 3 focuses on the data used. Results are presented in section 4 and conclusions are gathered under section 5.
Methodology
We study milk producer farms in England and Wales. These producers have an annual milk quota that partially binds production. This is because producers can lease in and/or lease out milk during the production year. Therefore we include in the analysis the fact that production is partially constrained by the annual quota Q, leasing in quota qui and leasing out quota quo. Not acounting for such constraints may lead to wrongly attributing the eects of such constraint to the farmer being unsuccesful in optimising production (Färe er al., 1994) .
Optimising behaviour is the assumption on which conventional microeconomics is based on. This means that producers optimise their production by not wasting resources and therefore operate near their production possibilities set. However there may be an array of motives for which not all producers are successful in optimising production. If this is the case technical eciency is not achieved and measuring the distance between the production frontier and actual production is a crucial policy interest. From a policy and managerial perspective it is important to know the factors behind ineciencies and how inecient producers are on average as well as individually (Färe et al., 1994 , Farrell, 1957 . The departure point of any technical eciency analysis is the denition of the production technology of a rm. This can be characterised in terms of a technology set, the output set of production technology, and the production frontier.
Distance functions are useful since they describe technology in a way that eciency can be measured for multi-input and multi-output enterprises (Coelli et al, 2005 ). An output distance function describes the degree to which a rm can expand its output given its input vector. We start from a producible output set, which is the set of all ouptuts that can be feasibly produced using the set of all inputs. The output set for production technology is dened as
whereŷ refers to all ouptuts of the farm including milk, the leasing out of quota (quo) and the environmental output andx refers to all inputs used in the farm including the leasing in quota (qui) and the annual allocation of quota Q.
The output distance function is dened on the output set P (x, Q) as
which means that the inital allocation of quota Q, the leasing in qui and leasing out quota quo are treated in the same way as conventional inputs and outputs.
Assuming a translog functional form for the parametric distance function with M outputs and K inputs provides several attractive properties including exibility, easy to derive and permit the imposition of homogeneity, which makes it the preferred in the literature (Coelli and Perelman, 1999 , Lovell et al., 1994 , Brümmer et al., 2002 , Brümmer et al., 2006 .
where i denotes the ith farm in the sample. By using linear homogeneity of the output distance function in outputs equation (2) can be transformed into an estimable regression model by normalising the function by one of the outputs (Brümmer et al., 2006 , Brümmer et al., 2002 , Coelli and Perelman, 1999 , Coelli and Perleman, 2000 , Lovell et al., 1994 , Orea, 2002 , O'Donell and Coelli, 2005 .
From Euler's theorem, homogeneity of degree one in output implies:
which will be satised if M m=1 α m = 1, M m=1 α mn = 0 for all n, and for all k.
Substituting these constraints is equivalent to normalising by one of the outputs, which leads to the following expressions:
where ε i is a symmetric random error term that accounts for statistical noise and z i is a non-negative random variable associated with technical ineciency.
Monotonicity constraints involve constraints on functions of the partial derivatives of the distance function. As pointed out by O'Donell and Coelli (2005) the elasticities of distance with respect to inputs and outputs are important derivatives.
We include in the output distance function approach the following proxy indicator for provision of environmental goods EG = permanent grassland + rough grassland total agricultural area (9) where permanent pasture is the land used permanently, during 5 years or more, 
Estimation
A translog form is specied for the distance function as shown above. If we stack all variables into matrices equation we can write
Now, y i denotes a vector of T observations on the dependent variable. γ i is a T × 1 vector, z is a T × r matrix of explanatory variables for ineciency and φ is a r × 1 vector of parameters associated with the explanatory variables for ineciency.
Bayesian econometric methods and in particular posterior simulators of Markov Chain Monte Carlo (MCMC) algorithms are being increasingly popular thanks to a large increase in computer power over the last decade. MCMC aim to simulate direct draws from a posterior distibution. Numerical Bayesian inference is performed using the Gibbs sampler, a MCMC technique (see Appendix A for a more detailed explanation).
The conditional likelihood function
The assumption about the errors denes the likelihood function. In this case a normal distribution is assumed with mean 0 T and covariance matrix h −1 I T ; X i are xed nonstochastic variables; ε i and ε j are independent of one another for i = j or in other words the errors are independent over all individuals and time periods; z i and ε j are independent of one another for all i and j.
where
The priors
The likelihood function must be complemented with a prior distribution on the parameters (β, h, z) in order to carry out Bayesian inference. A independent Normal-Gamma prior is used for the coecients in the production frontier and the error precision (see Appendix B for a more detailed explanation on these priors).
The distribution of the ineciency vector is determined by the distribution of z. The prior for z is hierarchical, as in Fernández et al. (2000) and Koop et al. (1997) in the sense that a r-dimesional parameter vector φ = (φ 1 , . . . , φ r ) is added where each of the elements of the parameter vector φ measures the eect of the ineciency explanatory variables w ij into the ineciency distribution. Given φ, z has a probability density function given by
where Γ (.) indicates the Gamma function and f G z i |α, µ −1 z (φ) is the Gamma density with parameters α and µ −1 z (φ), mean µ z (φ), and variance µ 2 z (φ). This prior is commonly used in the literature (van den Broeck et al., 1994; Koop et al. 1995; and Fernández et al., 2000) . Assuming α = 1, the ineciency distribution is exponential and the ineciency prior becomes where w ij are dummy variables and w i1 = 1. The prior for each of the elements of the vector φ are taken to be independent and follow a Gamma density with hyperparameters e j and g j which values are associated with prior information about the location of the eciency distribution. The values for the hyperparameters are e 1 = 1 and g 1 = − ln (r * ) where r * denotes the prior median of the distribution. In this case g 1 = − ln (0.80) which is consistent with the belief that under a competitive market farms must be close to te frontier (i.e. full efciency) (van den Broeck et al., 1994) . In addition this value is in corcondance with results of previous empirical work by Hadley (2006) on eciency of dairy farms in England and Wales. In the empirical analysis for j > 1 e j = g j = 1 which implies relatively noninformative values which centre the prior for φ j over 1.
2.1.3 The joint posterior
Once the likelihood and the priors are dened it is possible to obtain the joint posterior distribution, which denes the Bayesian model. p β|h, µ
The conditional posterior density for h is p h|β, µ
As pointed out above for the ineciencies a hierarchical prior is used. The conditional posterior for φ is proportional to the product of p z|µ −1 z (φ) and p (φ). As pointed out by Koop et al. (1997) the fact that the w ij are 0-1 dummy variables technically simplies obtaining the conditional posterior for φ. This conditional posterior has a Gamma form only with dummy variables.
where I is an indicator function which equals 1 is z ≥ 0 and equals 0 otherwise. (Hadley, 2006; Paul, et al., 2000; Iraizoz et al., 2005) . Hadley (2006) uses a ratio of rental equivalent (i.e. the sum of interest and rent paid, charges that must be paid when they fall due and non payment of which could result in loss of tenure or foreclosure of loans) to gross margin; Paul et al. (2000) use a debt/equity ratio to account for nacial pressure; and Iraizoz et al., (2005) use a ratio of paid rents and interests to gross margin. In this research a ratio between external liabilities and total assets is calculated and used to account for nancial pressure. Here, nancial pressure is the ratio of liabilities of the farm divided by the assets of the farm. The mean of the nancial pressure ratio from the sample is 0.09 whereas the median is 0.05. A dummy variable was created allocating a value of one for those ratio values larger than 0.10.
A dummy variable was created to account for farms that enter in the milk market either by leasing quota (in or out) or by buying/selling milk quota. The introduction of this dummy aims to investigate whether farms participating in the quota market are dierent to those that do not participate in such market in terms of eciency. This dierentiation between participants and no-particpants may be reecting dierent types of technologies.
Farm size is considered a relevant determinant of eciency in the literature (Hadley, 2006; Iraizoz et al., 2005) as well as number of cows was used to create a proxy dummy variable for farm size. This has been used in the literature by Tauer and Belbase (1987) . Here a dummy variable that accounts for production intesiveness was introduced. Firslty a ratio of number of cows divided by the size of the farm was calculated. Then the median of the ratio was obtained The data was normalised so that each variable had a sample mean of one.
This means that the monotonicity conditions can be expressed as α m ≥ 0 and β k ≤ 0. It is worth noting that coecient results have been changed the sign and therefore the expected coeciencts should be α m ≤ 0 and β k ≥ 0. Table 3 reports the mean coecients of the MCMC sample obsrvations for both models. A total number of 150,000 iterations were created from which every 5th iteration was drawed. This makes 30,000 random drawings were generated from the conditional distributions with 5,000 drawings discarded and 25,000 drawings retained. The drawings generated can be considered as a sample from the joint posterior density function of the parameters. The point estimates of the coecients for the outputs and inputs have all the right sign except for the coecient for leasing in quota which coecient is insignicantly dierent from zero. Thus outputs coecients are negative indicating that the distance function is non-dicreasing in outputs and non-increasing in inputs. Table 3 also shows the 90% posterior coverage regions calculated as the fth and ninety th percentiles of the MCMC sample observations. By examiniting the estimated conditional posteriors of the output and input coecients it can be seen that the associated coverage region for α 1 , β 4 and β 6 include zero, meaning that there is a positive probability that the monotonicity is violated. However this probability is relatively small. Full results for all coecients are reported in Appendix C. No signicant dierences are found between the coecients of both models.
Empirical results

Technical eciency
Two models were estimated. One does not include the environmental output Table 4 shows the results for the estimates of the parameters φ j associated with the explanatory variables of eciency. There were 76 farms receiving environmental payments in the sample. Environmental payments have a positive eect on eciency. This result suggests that more ecient farms take on environmental payments. However, this does not mean that when less ecient farms take on environmental payments they do not increase eciency. This result is found in both models M1 and M2. On the contrary to what happens to environmental payments, set-aside payments have a negative efect on eciency. A total of 67 farms in the sample received set-aside payments during the period studied. Set-aside payments are calculated per ha of utilised agricultural area. This eectively is a measure of the percentage of arable land. Therefore, our results suggest that those milk producer farms that also specialise in arable production have lower levels of eciency than milk producer farms where arable production is less important. This result is consistent in both models.
Results for both models show that nancial pressure has a positive impact on mean eciency levels. With regard to the participation in the quota market by leasing in/out quota results do not show any signicant impact. However, the positive sign of the coecient suggest a small probability of a positive eect on eciency. No impact on eciency was found for farmer's age. Altghough higher intensive farms tend to increase eciency under M1, when environmental output is considered this eect becomes less likely to occur. Finally, the location of the farm on LFA is not signicant for both models. However it is worth noting that the signs for both models are dierent. Thus, under M1 being on a LFA tends to have a negative impact on eciency whereas under M2 the tendency of this eect is to be positive possibly due to the fact htat environmental output is included in the analysis.
M1
M2 Variable Table 6 : Lowest 50 eciency scores Figure 2 and gure 3 show the conditional posterior distributions of eciency for farms 1 and 35 with models M1 and M2 respectively. When the environmental output is not included in the analysis farm 35 is more likely to be more ecient than farm 1 whereas when the environmental output is included in the analysis it is farm 1 the one more likely to be the most ecient of the two. The probability that farm 1 is more ecient than farm 35 with M1 is 7.8% whereas this probability increases to 87.8% with M2. Our results show no signicant dierences in the production function parameters nor in the parameters associated with the explanatory variables for technical eciency (with the exception of the farm being located in a LFA)
when the environmental output is included in the analysis and when it is not.
The distribution of the mean eciency accross farms is not altered when the environmental output is introduced in the analysis. The key nding in this study is that by introducing the provision of environmental goods in the analysis of technical eciency the ranking of farms is altered greatly when it is compared to a measure that does not include such environmental output, which has policy consequences. One of the pillars of EU and Defra agricultural policy is to make agriculture both economic and environmental sustainable. Based on the results obtained, a standard view in which positive externalities are not accounted for does not provide a realistic picture of which farms are economically and environmentally more ecient. By using a holistic approach in which environmental outputs of the farm are included useful information can be provided to policy makers on which farms may need support in achieving both higher environmental and economic eciency. Policy makers may be interested in identifying those farms that are less ecient in order to help them to improve. Using the traditional approach with no accountability for environmental output may well lead to target the wrong farms, i.e. those that are technically and environmentally ecient and leave farms that could improve eciency. Fernández et al. (2005) pointed out that we must be cautious when using rm specic measures to rank rms or make statements about whether a rm is more or less ecient than others. There is not a unique denition of eciency and dierent measures may lead to dierent results. Results in this study show that using dierent measures for eciency leads to dierent rankings.
Our results suggest that although eciency is positively linked to specialisation in milk production but insignicantly related to intensive farms. This result support the idea that a specialised and non necessarily intensive dairy sector is technically and environmentally more ecient than a dairy sector where arable crops are produced.
From 2006 the FBS includes questions on environmental characteristics and activities, environmental crops and farm habitats and countryside maintenance and management activities. This information could be used to build an environmental output indicator of the farm which would account for more specic activities in the farm than the environmental indicator used here. Unfortunately, these questions were not introduced in the FBS during the period used in this study (2000) (2001) (2002) (2003) (2004) (2005) .
To conclude we would like to emphasise that more consideration should be given to including externalities and more particularly positive externalities into eciency analysis. 
where p (θ|y) is known as the posterior density distribution, which captures all the information about the unknown parameters; p (y|θ) is the likelihood function of the data given the parameters of the model; p (θ) is the prior density which reects what the researcher knows about θ before seeing the data, it does not depend on the data; p (y) is the marginal distribution of the data (Koop, 2003) . The term p (y) does not involve θ, therefore it can be ignored and the Bayes rule can be written as
8.2 Appendix B
The independent Normal-Gamma prior for β and h is
Informative priors are selected for β and h. These represent the prior information about these parameters of the model. Thus, it is assumed that β and h are normally distributed and gamma distributed respectively. 
